The increasingly restrictive regulations for substances with high ozone depletion and global warming potentials are driving the search for new sustainable fluids with low environmental impact. Recent research works have pointed out the great potential of fluorineand chlorine-based olefins as refrigerants and solvents, due to their environmentally-friendly features. However there is a lack of experimental data of their thermophysical properties. In this work we present two models based on a group contribution method, using a classical approach and neural networks, to predict the critical temperature, critical pressure, normal boiling temperature, acentric factor, and ideal gas heat capacity of organic fluids containing chlorine and/or fluorine. The accuracy of the prediction capacity of the two models is analyzed, and compared with equivalent methods in the literature. The models showed an average reduction of the absolute relative deviation for all the studied properties of more than 50%, compared to other methods. In addition, it was observed that the neural-network-based model yielded a better accuracy than the classical approach in the prediction of all the properties, except for the acentric factor, due to the lack of experimental data for this property.
Introduction
The recent regulation of the European Parliament for the limitation of the use of fluorinated gases, which entered into force in January 2015 [1] , has imposed new requirements on the environmental characteristics of a number of industrial fluids, which sum up to those of the Montreal Protocol [2] . While the latter, which was approved in 1989, governs the phase out of those substances with high ozone depletion potential (ODP) (i.e. alkanes containing chlorine or bromine), the former, also known as F-gas regulation, targets the fluids with global warming potentials (GWP) greater than 150 (i.e. hydrocarbons containing fluorine).
Many halogenated alkanes are used as refrigerants, or working fluids for organic Rankine cycles. Also, these compounds are utilized as foaming agents, or solvents. The phasing-out schedule of both regulations will have a great impact on many of these applications as a great part of the fluids currently used will soon have to be replaced. The main consequence of the Montreal Protocol is that it will phase out the use of hydrofluorocarbons (HFC), (i.e. fluorinated alkanes), which are widely used today in refrigeration systems since they were introduced as sustainable replacements of chlorofluorocarbons (CFC) (i.e. alkanes containing only fluorine and chlorine) and hydrochlorofluorocarbons (HCFC) (i.e. fluorochlorinated alkanes), given their lower GWP and ODP. Regarding the F-gas regulation, it aims initially at limiting the use of substances with high or moderate GWP, but no definitive schedule for phasing out is yet set. It is also important to mention that, although the F-gas regulation applies within the European Union, a proposal has been submitted in a recent amendment in order to extend the F-gas regulation worldwide, under the scope of the Montreal Protocol. This, if approved, will extend the application of this regulation to the United Nations.
The potential of hydrofluoroolefins (HFOs) as replacement fluids of organic compounds with high ODP and GWP in heat pumps and power cycles has been recently suggested by Brown [3] . These compounds, also known as fluoroalkenes, contain at least one double carbon bond, which is susceptible of degradation in the troposphere, and thus reduces the atmospheric lifetime of the molecule. In addition, part of the hydrogen atoms of the alkene molecule are replaced by fluorine atoms, which confers stability and reduces the flammability of the compound. Another feature derived from the presence of a double carbon bond is the different arrangement of fluorine and chlorine atoms around it, which results in different structural and spatial isomer configurations. Because the thermophysical properties of different isomers can vary significantly, it is important to be able to distinguish their behavior.
The most recent research regarding the use of HFOs focuses on the study of fluoropropenes (e.g. R1233zd, R1234ze(Z) and R1234yf) [3] , which are intended to be used in a temperature operating range below 450 K. However, olefins with a greater number of carbon atoms, or even containing chlorine atoms, can offer a number of possibilities as refrigerants or working fluids for medium to high temperature applications [4] , and therefore must be investigated.
The evaluation of the performance of new fluids in industrial applications, such as refrigeration systems or organic Rankine cycles, requires an accurate knowledge of their thermophysical properties [5] . This knowledge, which is of particular importance for an optimal design of the mentioned technologies, is given by the use of equations of state to estimate different properties (e.g. enthalpy, vapor pressures, entropy) of the utilized fluids. The most simple way of predicting the thermophysical behavior of these compounds is by using a simple cubic equation of state (cEoS) for which only the critical parameters T c , p c , the acentric factor u, and the ideal gas heat capacity c p,0 are required. In addition, the value of the normal boiling point T b is very useful for different generalized correlations (i.e. heat of vaporization, vapor-liquid equilibria). If these parameters are not available from experimental measurements, they can be predicted through different methods. However, a review of the available literature suggests a lack of predictive methods tailored for the property prediction of organic compounds containing chlorine and/or fluorine atoms, given that previous methods were developed based on limited information on such compounds. Developing predictive models for a specific chemical group will help to improve the accuracy of the predictions, and the distinction of different molecule structures.
In this work we present two methods to improve the prediction of the critical temperature, critical pressure, acentric factor, normal boiling temperature, and ideal gas heat capacity of organic compounds containing fluorine and/or chlorine atoms. The methods were developed by following a classical group contribution approach, and an approach based on artificial neural networks (ANNs), in order to assess the suitability of each method for the prediction of these properties. The main objectives of this paper are:
To provide two methods based on a group contribution approach for the prediction of the aforementioned properties with a better accuracy than the available methods, tailored for fluoro-chloro-organic compounds. To provide a comparison of the two developed methods, in terms of accuracy and computational time, in order to assess the suitability of combining group contribution methods with neural networks for property prediction.
The main novelty of this work is the focus on the prediction of the properties of organic compounds containing chlorine and/or fluorine, which are needed for the use of cubic equations of state. Moreover, the comparative analysis of both proposed approaches provides a base for the assessment of the benefits resulting from combining group contribution methods with artificial neural networks. The developed methods will provide approximate predictions of the thermophysical behavior of new environmentallyfriendly fluids, facilitating their introduction in refrigeration processes, organic Rankine cycles, and heat pumps.
Methods

Experimental data generation
An extensive experimental dataset of pure substances containing carbon, hydrogen, fluorine and/or chlorine was generated from several databases in order to have the maximum amount of data for the development of the methods, although not all the properties were available for some fluids. In the selection of the fluids of the dataset: i) aromatic and cyclic compounds were neglected; and ii) only molecules with a number of carbon atoms between 2 and 10 were considered. Reasons for these assumptions come from the lack of experimental data for cyclic and long-chain components, and the reduction of accuracy resulting from including too small molecules in the fitting process. The experimental data were collected from the following databases:
The database of the Project 801 of the Design Institute for Physical Property Data (DIPPR ® 801) [6] . The Handbook of Chemical Compound Data for Process Safety [7] . The Computer-Aided Process-Product Engineering Center (CAPEC) database [8] . The Reference fluid thermodynamic and transport properties database (REFPROP) [9] . Recent experimental data from Ref. [10] .
The generated dataset was used for the determination of the group contributions for the critical temperature T c (132 fluids), the critical pressure p c (123 fluids), the acentric factor u (96 fluids), the normal boiling temperature T b (315 fluids), and the ideal gas heat capacity c p,0 (89 fluids). The complete list of fluids used in the fitting, including their source database, molar weight, and property availability, is given in Table A.7 of the Appendix, and includes The experimental values of the critical temperature, the critical pressure, the normal boiling temperature, and the acentric factor were used as the targets values for the optimization of the two group contribution models (GCM), while the number of groups of (1)). In order to fit the group contributions for the ideal gas heat capacity, its value was calculated for each of the fluids by using the expression proposed by Aly and Lee [11] , given in Eq. (1), at the following reduced temperatures:
.65,0.7,0.75,0.8,0.85,0.9. These calculated values were used as inputs for the optimization of the two GCM models.
Classical group contribution method
General description of group contribution methods
In molecular design, some property data may not be readily available from experimental sources and therefore require methods for prediction. Group contribution methods (GCM) are property prediction methods that only require knowledge of the molecular structure to predict its properties. The general formula for GCMs is given by Eq. (2) [12] :
here f(X) is a function of the property X to be predicted, and i, j and, k refer to the first, second, and third order groups defined in the GCM. N i and M j are the number of the i-th first order group, and the j-th second order group, respectively, present in the molecule, and C and D are the fitted contributions to the first and second order groups, respectively. The first order approximation utilizes the representation of simple molecular groups and functional groups (e.g. CH 3 , C]C). The second order approximation uses the combination of first order groups to increase the model accuracy by considering adjacent first order groups (e.g. a chlorine atom attached to a double bounded carbon atom CH m ]CH n eCl). Similarly, O and E refer to the third order approximation by its number of groups and its contribution, respectively. Second order groups provide an improved description of polyfunctional components and can differentiate between some structural isomers. Third order groups allow predicting complex heterocyclic and larger polyfunctional acyclic components [13] , which are not of interest in this work. The binary variables w and z determine if a certain order of approximation is to be included in the prediction or not. Finally, the function f(X) can be a linear or non-linear expression and may include one or more fitting parameters. This function can also be dependent on temperature or pressure to account for properties that are dependent on these magnitudes. Early GCMs for the prediction of thermophysical and transport properties of molecules include the work in Refs. [14, 15] , that predicted the critical parameters of fluids by using first order groups (i.e. w ¼ 0 and z ¼ 0). Lydersen [14] obtained the group contributions of the molecular groups by studying the change in the properties for similar types of molecules, whereas Klincewicz and Reid [15] used a least square regression method.
More recently, the work of Joback and Reid [16] included estimations of primary properties (e.g. critical parameters, ideal gas heat capacity), while the GCM developed by Constantinou et al. [17] provided a first general estimation of the acentric factor. Marrero and Gani [12] improved the prediction of the normal boiling temperature and the critical parameters by using first-, second-and third-order contributions. This method was able to represent a large number of molecules, as it contained up to 182 first order groups. Because these three methods were developed by using large datasets that contained a great number of molecular groups, they are today the most conventionally used for the prediction of critical parameters [12] , boiling normal temperature [12] , acentric factor [17] , and ideal gas heat capacity [16] of organic substances. Moreover, Ghasemitabar and Movagharnejad [18] presented recently a GCM to estimate the boiling point of organic compounds, by using firstand second-order groups. In this method, the contribution of fluorine and chlorine to the molecule property is accounted individually for each atom and no specific halogenated groups are defined, which can lead to equal predictions for structural and spatial halogenated isomers.
The general character of the above mentioned methods can influence the accuracy of the estimates for a specific niche type of molecules (e.g. halogenated organic compounds). In addition, the representation of specific halogenated groups is not completely covered in these methods. For instance, the method of Marrero and Gani [12] lacks of contributions for CF groups for all the investigated properties, and no CCl 2 or HCClF contributions are provided for T c and p c . The method of Constantinou and Gani [17] does not have acentric factor contribution for CF and CCl 2 . In the case of the GCM of Joback and Reid [16] , the presence of fluorine or chlorine atoms is only accounted for individually. Currently, this lack of definition for some contributions makes it necessary to estimate them by using, for instance, an atom connectivity-index model, in order to be able to design all types of halogenated organic compounds, which greatly increases the uncertainty [19, 20] .
However, other available GCMs for the prediction of these properties do not consider halogenated compounds. For instance, Dalmazzone et al. [21] recently presented a GCM to predict the critical temperature of organic compounds that did not involve any halogenated group. Also, Wang et al. developed a position group contribution method for the prediction of the critical temperature and pressure [22, 23] , acentric factor [24] , and the normal boiling temperature [25] of different organic compounds, using a dataset that only included 11 chloroalkanes. There is also a number of methods which are based on completely different approaches, such as the use of correlations as function of the normal boiling temperature or the use of experimental parameters. For these methods the accuracy and prediction capability are usually limited. Another molecular-based approach is that of the quantitative structure property relationship (QSPR) which predicts properties of fluids based on a series of molecular descriptors. Examples of this approach can be found in Refs. [26, 27] where methods are presented for the estimation of the critical temperature, critical pressure, and normal boiling temperature of organic refrigerants. These methods, although accurate, represent a higher calculation complexity than that of GCMs.
Proposed structure for each property
In this work, the functions used to fit the critical temperature, critical pressure, acentric factor, and normal boiling temperature follow the same definition as the one given by Marrero and Gani [12] , and are given in Eqs. (3)e(6).
here T b1 , T c,1 , p c,1 and p c,2 are fitting parameters. The function f(X) for the acentric factor follows the expression provided by Constantinou et al. [17] :
Here u 1 , u 2 and u 3 are fitting parameters. In the case of the ideal gas heat capacity, a third order polynomial was selected to represent its variation with temperature, as shown in Eq. (7) [16] . In this way, each of the polynomial parameters is obtained by using a function f(X) which will be fitted with the values of the group contributions, as expressed in Eqs. (8)e(11), where A 1 , B 1 , C 1 , and D 1 are fitting constants for each of the parameters.
The groups were selected to allow a better definition of the molecule, and the differentiation of some structural isomers. In this sense, in addition to the groups defined by Marrero and Gani [12] , which contained all possible combinations of first order groups and two second order groups including fluorine and/or chlorine atoms, three new second order groups were defined (i.e. CH m ]CH n eF 2 (m 2 0…2; n 2 0…1), CH m ]CH n eCl 2 (m 2 0…2; n 2 0…1), and CH m ]CH n eClF (m, n 2 0…2)). This new definition of second order groups allowed accounting for the position of the chlorine and fluorine atoms within a double carbon bond, which is of particular interest for the definition of structural isomers. The number of occurrences of the defined groups in the dataset of experimental data can be found in Table A .5. The fitting process was carried out by starting with the group contributions values from Refs. [12, 16, 17] as initial values of the group contributions, using null values for the contributions of the new groups, and iteratively optimizing the array of group contributions by using the Nelder-Mead simplex method in order to minimize the average absolute relative deviation between the predicted and the experimental values. This process is summarized in Fig. 1 .
Neural-network-based group contribution method
General description of artificial neural networks
The second predictive method presented in this work consists in the use of Artificial Neural Networks (ANNs) for the fitting of the group contributions of the fluid properties. Neural networks are non-linear mathematical methods that are successfully used in a wide variety of scientific and engineering problems, including the prediction of thermophysical properties of fluids [28] . In brief, a neural network is a model composed of an input layer, one or more hidden layers, and an output layer. Each layer is composed of one or more neurons, which are functions of two parameters (biases and weights). The neurons of the input layer generate outputs from the inputs to the model. These outputs are, in turn, inputs for the neurons in the hidden layers, and are combined through different connections. Finally, the outputs from the hidden layers neurons are inputs to the output layer, that generates the final prediction of the neural network. The main advantage of ANNs is that they provide high accuracy in the prediction of variables over a wide range of problems thanks to their ability to fit the non-linearities present in datasets. However, ANNs lack of explanatory power, as trends between outputs and inputs are not possible to guess due to their complex structure. Also, an additional disadvantage of ANNs is the possibility of overfitting, which means that if the neural network structure becomes too complex it would be able to predict very accurately the values corresponding to the fitting dataset, but would not be general enough to predict the values of new inputs. Recently, neural networks have been applied in combination with GCMs methods in order to predict properties of fluids for which only their molecular structure is known. In this regard, Moosavi et al. applied this approach for the prediction of the liquid densities of different types of refrigerants [29] , the densities of hydrocarbons at high pressures and temperatures [30] , and the specific volume of polymeric systems [31] . Also, Gharagheizi et al. used this method to predict the enthalpy of fusion and the surface tension of pure compounds [32, 33] . The integration of neural networks with group contribution methods replaces the use of the equations of the classical GCM approach (i.e. Eqs. (3)e(11)), so that the neural network itself becomes the new function by which inputs (fluid group descriptors) and outputs (predicted values) are related.
Proposed configuration for each property
In this work, the Neural Network toolbox of the MATLAB software (Mathworks ® Inc.) was used to develop the neural networks to fit the critical temperature, critical pressure, normal boiling temperature, acentric factor, and ideal gas heat capacity of the fluids dataset. An example of the neural network structure used in this work can be seen in Fig. 2 , where a network of two hidden layers with two neurons each is depicted. Here x i represents the inputs, in this case, the fluid groups descriptors, and y is the output or predicted property. The weights w and bias b are optimized to minimize the mean of squared errors (MSE) between the target, or experimental values, and y. Since the optimal structure of ANN depends on the nature of the problem itself and the initial values of weights and bias, several network architectures were tested for each of the properties, on a trial-and-error approach, to select the most optimal network. In order to avoid overfitting of the ANN, the fluid dataset was aleatory divided into a training set (70%), a validation set (15%), and a test set (15%) for each optimization process. The training set was used to optimize the weights and bias by using the MSE, defined in section 3, between the outputs of the neural network and the experimental values as the objective function. This optimization process was stopped when the performance of the validation set reached its maximum during the training. The test set was used to check the generalization capability of the developed neural network, as these data were not used during the fitting process. In this way, the closer the MSE of the training and the test sets were, the more generalized and optimized the ANN was. The group descriptors used as inputs to the ANNs were the same as those used in the classical GCM (number of firstand second-order groups), except in the case of the acentric factor, where only first-order groups were used. This case will be further explained in section 4.
During the optimization process, all possible combinations of number of neurons for one and two hidden layers were screened. The maximum number of neurons in the hidden layer was selected so that the set of fitted biases and weights was less than the amount of available experimental data in the training data set. Three transfer functions for the neurons (i.e. also called sigmoid) were screened (i.e. logarithmic, tangential, and linear transfer function). Moreover, three training methods were used to optimize the neural networks (i.e. Bayesian regularization backpropagation, Levenberg-Marquardt backpropagation, and scaled conjugate gradient backpropagation), and for each combination, 50 iterations with aleatory initial weights and bias were performed. This process was applied for all the properties studied in this work. The optimal neural network for each property was selected as the one for which the MSE was the lowest. This process is summarized in Fig. 3 .
Results
In this section the two developed methods for the prediction of properties of halogenated organic compounds are presented, and their accuracy to predict the properties of fluids is evaluated by using the following statistical indicators: Tables A.3 and A.4 in the Appendix collect the optimized values of the group contributions of the classical method for the critical temperature, critical pressure, acentric factor, normal boiling temperature, and the parameters of the ideal gas heat capacity expression in Eq. (7) . The values of the AARD, Bias, MSE and RMS are also indicated for each of the properties. Table A.6 in the Appendix collects the configuration information of the optimal neural network for each property. This includes the number of neurons on each hidden layer, the neuron transfer function, the training method used, the RMS of the training dataset, the test dataset, and the complete dataset, and the value of the ratio r (i.e. the ratio of the number of parameters of the network to the number of data used during the training). By keeping this value below 1 the overfitting of the neural network is prevented, as indicated in Ref. [34] . The values of the bias and weights for each neural network can be found in the files provided in the Supporting Information. Fig. 4 shows the comparison between the estimated values obtained with the two methods developed in this work, and other methods indicated in the legends, and the experimental values of T c , p c , u, and T b . Fig. 5 shows the comparison of the relative errors of the calculated values with respect to the experimental values of each predicted property. Fig. 6 depicts the comparison of the estimated and experimental values, and the relative errors of the estimated values for the ideal gas heat capacity at temperatures of (300 and 400) K.
Discussion
In this section the two developed methods for the prediction of properties of halogenated organic compounds are compared with the most accurate molecular-structure-based methods available in the literature, for each of the properties. These consist of the GCMs developed in Refs. [12, 16] for the prediction of the critical temperature and critical pressure, the GCMs developed in Refs. [12, 16, 18] for the prediction of the normal boiling temperature, the GCM presented in Ref. [17] for the prediction of the acentric factor, and the GCM of Joback and Reid [16] for the prediction of the ideal gas heat capacity. In addition, three models based on the quantitative structure property relationship (QSPR), presented in Refs. [26, 27] , for the prediction of the critical temperature, critical pressure, and normal boiling point, were included in the comparison, as they were developed specially for organic refrigerants. The comparison presented is made in terms of accuracy and computational time.
It can be observed, in Figs. 4e6, that the developed GMCs generally provide better results in the prediction of the critical temperature, the critical pressure, and the normal boiling temperature than the method of Marrero and Gani [12] , and Joback and Reid [16] . This improvement is very notorious for the acentric factor, where the predictions of the method of Constantinou et al. [17] underestimate the value of the acentric factor, and for the ideal gas heat capacities of smaller molecules. It can also be seen that the GCM based on the neural network approach, provides a better prediction for all properties, except for the acentric factor. The reason for this is the lack of a large data set of acentric factor values, which limits the number of neurons of the developed neural network, thus decreasing its predicting ability. As a matter of fact, the neural network for the acentric factor was developed by taking only the first order groups as inputs, as including the second order groups imposed a limitation on the size of the network that resulted in a poor predictive ability. The complexity of a neural network is often related with a better fitting capability, but also, with the requirement of a larger dataset for the training. Therefore, Fig. 4 . Comparison of estimated values of critical temperature (a), critical pressure (b), acentric factor (c) and normal boiling temperature (d), with respect to experimental values, using different methods.
in the case of the acentric factor, the lack of experimental data affects the accuracy of the optimized neural network to a larger extent than it affects the group contribution method.
These observations are summarized in Table 1 , where the obtained values of AARD and MaxARD for the two models, and for the two most accurate comparative methods for each property are given. As it can be observed, the neural-network-based approach yields lower values than the classical GCM for both AARD and MaxARD, as well as for the other methods analyzed. The reduction of the AARD for the classical GCM with respect to these other methods is more than 50% for all the properties, and reaches up to 86% for the acentric factor. The neural-network-based GCM yields an AARD which is lower than 80% of that of the classical GCM, except for the acentric factor, which practically remains the same. The MaxARD is also significantly reduced by the two developed methods with respect to the other analyzed methods, except in the case of the ideal gas heat capacity, where the MaxARD of the classical GCM is of a similar order of magnitude of the one of the Joback and Reid method. This can also be observed in Fig. 7 , which depicts the distribution of the AARD of different methods estimates of the critical temperature, critical pressure, acentric factor, normal boiling temperature, and ideal gas heat capacity at (300 and 400) K for the considered fluid set, with respect to their experimental values.
The results suggest that in all the cases the predictive capability of the two methods developed in this work is improved with respect to the other methods available for each studied property. The main reason for this improved accuracy comes from the reduction of the scope of the methods to a specific type of fluids, and to the extension of the dataset of fluids containing fluorine and chlorine used for the fitting compared to previous works [12, 16] . Moreover, the results indicate that the use of the neural network approach in the second method, which allows fitting the possible non-linearities existing in the datasets, results in a substantial improvement of the prediction accuracy compared to the classical GCM, whenever enough large datasets are available. It can be observed that the method based on the neural network optimization, which showed better results than the classical GCM in the prediction capability, has a significant increased computational time. This can be explained by the computational complexity of the neural network, which requires a greater number of operations than that required by the classical GCM. Although this has no impact when estimations of a set of fluids are needed, the difference in computational time between the two methods could have a greater impact in long-time running simulations (e.g. molecular design problems for specific applications) and the neural network approach could, therefore, present a disadvantage with respect to the classical approach. 
Computational performance
Supporting information
The Matlab code of the developed models has been included in a compressed .zip file in the Supporting Information. This file contains the functions for the calculation of the critical temperature, critical pressure, acentric factor, normal boiling temperature, and ideal gas heat capacity by using the classical group contribution approach (GCM_functions.p) or the neural-network-based approach (ANN_functions.p). The input for their use is the array containing the number of groups for the fluid, except for the case of the ideal gas capacity, where the first element of the array will be the temperature in K. An example of use of the methods can be found in Appendix A.1.
Conclusions
In this work we presented two methods for the prediction of the critical temperature, the critical pressure, the acentric factor, the normal boiling temperature, and the ideal gas heat capacity of organic compounds containing fluorine and/or chlorine atoms. The two methods were based on the group contribution approach, but while the first followed a classical approach of the method, the second used neural networks for the fitting. These methods will allow evaluating the potential of the use of these fluids in refrigeration processes, organic Rankine cycles, and heat pumps. Based on the results obtained the following conclusions are drawn:
The two developed methods present higher accuracy on the prediction of the critical temperature, critical pressure, acentric factor, normal boiling temperature, and ideal gas heat capacity than the existing equivalent methods. This improvement was achieved thanks to: (i) the reduction of the scope of the group contribution method to a specific type of fluids, (ii) the extension of the dataset of fluids containing fluorine and chlorine used for the fitting which implies more reliability of the results, and (iii) the use of the neural network approach in the second method, which allows fitting the possible non-linearities existing in the data. Combining the neural network fitting with the group contribution approach yields very good results for the prediction of thermophysical properties. An advantage of the methods developed is that the same input groups are used for all the properties making the computation of the method straight forward. financial support is gratefully acknowledged.
Appendix A. Appendix
Appendix A. 1 
. Example of use
The prediction of the critical temperature, critical pressure, acentric factor, normal boiling temperature, and the ideal gas heat capacity at 298. 15 K of 1,1,1,4,4,4 -hexafluoro-2-butene (see Fig. A.1) is shown as follows, for both the classical approach and the neuralnetwork approach, and is summarized in Table A.2. The calculation procedure by using the classical approach of the GCM is detailed as follows: Critical temperature (from Eq. (4)): 
ð2,0:03277 þ 1,0:01787 þ 1,ð2,0:00092Þ þ 0:11332Þ 2 þ 1:00971
Acentric factor (from Eq. (6)): The calculation procedure by using the neural network approach of the GCM is given as follows, in the form of Matlab code:
:93385 þ 2,16:60925 þ 1,ðÀ14:15524Þ þ 2,ð0:00034ÞÞ þð0:20853 þ 2,0:15515 þ 1,0:21221 þ 2,0:00051Þ,298:15þ ð À 3:910E À 4 þ 2,ðÀ8:576E À 5Þ þ 1,ðÀ1:815E À 4Þ þ 2Ã4:282E À 6Þ,298:15 2 þð1:996E À 7 þ 2,ðÀ8:903E À 9Þ þ 1,ð4:126E À 8Þ þ 2,ðÀ4:775E À 8ÞÞ,298:15 3 ¼ 137:40 Appendix A.2. Group contributions for the classical approach 
